The multispectral and multitemporal data coming from satellites allow us to extract valuable spatiotemporal change. Consequently, Earth surface change detection analysis has been used in the past to monitor land cover changes caused by different reasons. Several techniques have been used for that purpose and change vector analysis (CVA) has been frequently employed to carry out automatic spatiotemporal information extraction. This work describes a modified methodology based on Supervised Change Vector Analysis in Posterior probability Space (SCVAPS) with the final aim of obtaining a change detection map in Blida, Algeria. The proposed technique is a Modified version of Supervised Change Vector Analysis Posterior probability Space (MSCVAPS) and it is applied at the same region that the original technique studied in the literature. The classical Maximum Likelihood classifier is the selected method for supervised classification since it provides good properties in the posterior probability map. An improved method for threshold determination based on Double Flexible Pace Search (DFPS) is proposed in this work and it is employed to obtain the most adequate threshold value. Then, the MSCVAPS approach is evaluated by two cases study of the land cover change detection in the region of Blida, Algeria, and in the region of Shunyi District, Beijing, China, using a pair of Landsat Thematic Mapper images and pair of Landsat Enhanced Thematic Mapper images, respectively. The final evaluation is given by the overall accuracy of changed and unchanged pixels and the kappa coefficient. The results show that the modified approach gives excellent results using the same area of study that was selected in the literature.
INTRODUCTION
Advances in satellite image acquisition and new storage technologies have led to a huge amount of information in the spatiotemporal domain. These data can be used and analyzed to produce land cover detection and land cover change information. Change detection methods are based on processing spatiotemporal data in a convenient way in order to access the change information as described in (Armenakis et al., 2002) , (Barnes et al., 2007) , (Tang et al., 2007) and (Umamaheshwaran et al., 2007) . The detection of possible differences that may occur over time is a key factor when analyzing the state of an area. These differences may be caused by several phenomena, that include human activity and natural causes, as described in (Nori et al., 2009 ) and (Singh, 1989) .
The technique of Change Vector analysis (CVA) has been vastly used in the past decade for change detection in various studies such as (Bovolo and Bruzzone, 2007) , (Malila, 1980) and (Xian. et al., 2009 ). Many change detection techniques were summarized by (Lu et al., 2004) as algebraic algorithm, advanced techniques, visual analysis and others. Each technique provided its own features and that study also gave an effective guidance to design rules for modifying and developing CVA (Singh, 1989) . Among all techniques, change vector analysis is able to describe the output data in terms of total magnitude of change and angle of direction between two different time samples from multispectral satellite images as described in (Collins and Woodcock, 1994) , (Jensen, 1995) and (Johnson and Kasischke, 1998) . * Corresponding author. This is useful to know for communication with the appropriate person in cases with more than one author However, some shortcomings are still not solved in change detection techniques, such as classification error accumulation. A CVA method called Modified Supervised Change Vector Analysis Posterior probability Space (MSCVAPS) based on the technique presented in (Chen et al., 2011) is carried out in this work. It has been applied to detect land cover change obtaining excellent results in the studied areas when compared to the literature results. This developed method includes two steps, the first step implements the Double window Flexible Pace Search (DFPS) algorithm to generate a binary "change" or "no-change" image and the second step uses the scalar product to obtain the classified change map.
In order to assess the effectiveness of MSCVAPS, the technique has been evaluated into two study areas : (1) Shunyi District, Beijing, China, (2) Blida, Algeria. One of them (China) is chosen for comparison purposes because it was the area selected for analysis in the literature (Chen et al., 2011) . The second test area (Algeria) is the real object of study, since an operative tool to detect change has been demanded in the area of Blida in Algeria. The final quality is given by the Kappa coefficient and the overall accuracy of changed unchanged pixels like the methods presented in (Cha, 2007) , (Chen et al., 2003) , (Chen et al., 2011) , (Jensen, 1995) and (Nackaerts et al., 2005) . A study has chosen the same China region used in (Chen et al., 2011) 2 . This test area was chosen for validation purposes because it had been used in the literature to present the original CVA methodology in (Chen et al., 2011) . Fig. 1 shows the general map and the subarea location.
The second data set used in this work consisted of two spatiotemporal images acquired by Landsat-5 TM (Thematic Mapper) sensor in the region of Blida, Algeria. All bands, except from the thermal infrared one, were used in the methodology. The change detection analysis in this area was the main objective of this work. It presents a total surface equal to 788.18km
2 , located at a latitude of 36.34
• (North) to 36.13
• (North) and longitude of 1.98
In the study, a sub-area of 1130x775 pixels was chosen and it is shown in Fig.2 and Fig.3 . Table 2 presents more information about the data set in Algeria and their acquisition characteristics.
METHODOLOGY

Image pre-processing
The selected images may contain pixel spectral changes caused by several factors, such as soil moisture, atmospheric conditions, sun angle variation, sensor type and other parameters, apart from the real change detection cause. These pixel spectral changes must be removed to make that the changes are only caused by surface changes. A very important factor in change detection is to make sure that the location of the same surface features is coherent. If the accuracy of image co-registration is low, a high amount of pixels will be detected as changed just because of image shifting.
Therefore, pre-processing of the satellite imagery includes radiometric calibration, atmospheric reflectance, atmospheric normalization, geometric correction, image registration, and image rectification. The radiometric correction is critically needed due to several factors like changing sensor type parameters, different solar azimuth and solar zenith angles, different atmospheric conditions for scattering and absorption (Yan. and Shaker, 2014) . In this work, atmospheric correction has been carried out using the dark substraction algorithm and radiometric correction has been done using the Landsat Correction algorithm of the ENVI software. The geometric correction is also applied in order to resemble the truth ground location coordinates following (Xiangyang. et al., 2010) . Then, image registration and image rectification finally provide the corrected image that will be used for the analysis (Reji and Vidya, 2012) .
After geometric rectification and image-to-image registration provided by the ENVI tools using 100 control points, the Root Mean Square Error (RMSE) between both images were computed and they were approximately equal to 0.21, and 0.11 pixels for the sub-areas represented in the Figure. 1, 3, respectively.
Change Vector Analysis
Change Vector Analysis is a change detection methodology that keeps interesting information from classified images and enables further interpretation than other change detection methods, as explained in in (Malila, 1980) and (Michalek et al., 1993) . The
The global idea of CVA consists in computing the spectral change vectors by the subtraction of pairs of spectral bands. A change vector is described by the magnitude of change and the angle of change between two images obtained at the moment t1 and t2 (Lu et al., 2004) . When a threshold is applied to this change vector based on their magnitude, then a possible change is determined, as described in (Chen et al., 2003) and (Nackaerts et al., 2005) .
The Modified Supervised Change Vector Analysis Posterior probability Space (MSCVAPS) described in (Chen et al., 2011) has been taken as the initial point for this study. The first step in the methodology is to carry out a supervised classification that provides a posterior probability map for each scene. In this work, 5 classes were used in the classification process: bare soil, dense vegetation, no-dense vegetation, urban and water areas. In our case, the Maximum Likelihood Classifier (MLC) was the chosen classification technique using the spectral bands b1, b2, b3, b4, b5 and b7 of the Landsat TM or ETM instrument, respectively. The supervised MLC classifier requires a training process that needs ground truth data. Since no in situ information was available, visual information was obtained from the satellite images. The total amount of training pixels used in the classification process were 10.74% of the total sub-area in China and 6.02% of the total sub-area in Algeria.
The Maximum Likelihood classifier provides the posterior probability vectors in the space-time domain:
where H, and G represents the posterior probability vector at the time t1 and t2, respectively. The index 1, 2, . . . , n refers to each one of the classes consequently defined.
The change vector of the posterior probability space can be defined as:
where ∆M is the posterior probability difference map for each pixel, and it also contains the information of the change that has taken place between the two images. The magnitude of change vector is given by the following expression:
In this context, a large value for ||∆M || indicates a strong possibility of a changed pixel.
Threshold determination
The stage of the threshold selection is one of the most important steps in the procedure to determine whether a pixel is changed or not. A supervised threshold determination method using the Double Flexible Pace Search (DFPS) algorithm, described in (Chen et al., 2003) , was employed in this work.
Change type discrimination
The change type discrimination is used to identify the considered changed pixels in the Land Use/Land Cover (LULC) map. It is obtained by the analysis of the posterior probability map and the pixel-wise radiometric comparison as described in the literature in (Chen et al., 2011) .
The change class information between the space-time t1 and t2 can be obtained from the direction of ∆M . A pure pixel transformed from class a to other class b during a period of time would present the following change vector
The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XL-7/W3, 2015 36th International Symposium on Remote Sensing of Environment, 11-15 May 2015, Berlin, Germany where Pz describes the posterior probability vector of a pure pixel of class z. When the angle between the actual vector ∆M and the theoretical vector ∆P ab is small, then the corresponding pixel has probably changed from class a to class b. Then, the change type can be easily determined from the scalar product, searching for the maximum value for the scalar product from all possible combinations of pairs a-b:
RESULTS
The presented methodology has been applied to the selected data sets corresponding to the sub-area in China and Algeria.
The posterior probability vectors H for time t1 and G for time t2 are shown in Fig. 4 and Fig. 5 for the sub-areas of China and Algeria respectively. These are results from the MLC classifier using b1, b2, b3, b4, b5 and b7 bands. A previously described, 5 classes were used for classification: bare soil, dense vegetation, no-dense vegetation, urban and water areas. This limited range of classes allow the methodology to get a very accurate classification map even with a low amount of training pixels. The total amount of training pixels used in the classification process were 10.74% of the total sub-area in China and 6.02% of the total sub-area in Algeria. An important amount of changed pixels is clearly visible across the China scenes. The Algerian scenes show change in vegetation and they also show differences in valuable water bodies. In order to evaluate the performance of the proposed MSCVAPS method, the overall accuracy and kappa coefficient obtained in determining changed or unchanged pixels were computed using the MSCVAPS results and a reference data set. This validation data set used was obtained again from visual inspection and it was different from the training data set, in order to get a fair accuracy assessment.
The changed/unchanged confusion matrix of MSCVAPS at the region of China is shown in Table 3 . It represents the results of 247520 sample pixels. The reference validation data set in China was equal to 13.6% of the total sub-area. A remarkable Kappa coefficient of 0.827 and an overall accuracy of 91.50% were achieved by the proposed method. This change detection result was compared with the results presented in the literature in (Chen et al., 2011) . The comparison indicates that the proposed method gives excellent results. Therefore, the method is validated for its use in other regions.
Then, once the methodology is validated, Table 4 shows the confusion matrix of changed/unchanged pixels at the sub-area of Algeria, that contains 875750 pixels. The reference validation data set was equal to 13.6% of the total sub-area. The obtained Kappa coefficient was equal to 0.865 and the overall accuracy was equal to 93.96%.
These results show the effectiveness of the change detection methodology in the selected regions using Landsat data and the defined classes. Kappa coefficient is above 0.7 and the omission and commission errors of the changed and unchanged pixels were good balanced in both test areas. shown in Fig. 6 and Fig. 7 for the Chinese region and the Algerian region, respectively. In the case of China, it can be demonstrated that many pixels appear as changed due to urban growth and change of land use. This zone is very dynamic and this effect could be easily assessed by the use of the proposed methodology.
In the area of Algeria, a large number of pixels were also labeled as changed due to human activity and different climatic conditions. The forest areas were increased by 3.18%, the urban areas were increased by 2.9% and water areas were also increased by 0.62%. On the contrary, grassland and the bare soil areas were decreased by 3.64% and 3.06%, respectively. The urban changes were mainly caused by new building construction. The changes in forest areas were caused by the plantation of new trees in mountainous areas and this fact is also related to the reduction of the grassland area. 
DISCUSSION AND CONCLUSION
This work has described a methodology based on the existing change vector analysis in the posterior probability space and it has been applied in two different scenarios. The performance of the proposed algorithm has been evaluated with validation data obtained by visual inspection. The accuracy evaluation provides a Kappa coefficient greater than 0.7 for both test areas. The results suggest that the MCVAPS is effective and it has a strong potential for Remote Sensing change detection methods.
The quality of the data plays a very important role, as acquisition of data should be made at different years choosing the same season. Besides, image registration has a strong impact on the final change detection methodology because it can introduce severe artifacts due to pixel location mismatch. In this work, excellent results are obtained thanks to the good quality of the satellite images, the strict radiometric and geometric correction and the accurate co-registration given by the proposed methodology.
In general, it is difficult to collect global information for all years of land use/land cover change information. The presented methodology takes advantage of the spatiotemporal differences between two images acquired at different dates. For that reason, CVAPS is an effective approach in this scenario. Further development of the CVA technique is expected in the future, with an enhancement of robust and automatic algorithms for land use/land cover detection.
